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Figure 4: Label distributions for power and

agency based on the crowdsourced annotations.

and positive/negative as well as the skews in the

distributions of labels (i.e. more positive than neg-

ative labels, see Figure 4). Note that a similar dif-

ference between KA scores and soft percent agree-

ment was found in our previous connotation frame

work (Rashkin et al., 2016).

3 Bias in Movie Scripts

We use 772 movie scripts from (Gorinski and La-

pata, 2015) as a test bed to validate our new con-

notation frames. Scripts have distinct structure,

which allows us to easily parse narrations, dia-

logues and character names.

We automatically extract 21K male/female

characters, using a name-gender list4 along with

gender specific lexicons (e.g., “actor”/“actresses”,

“duke”/“duchess”) to automatically assign gender

based on their first three narrations. To iden-

tify verbs with characters as their agent, we de-

pendency parse the narratives using the SpaCy5

parser. Power and agency label distributions in our

corpus are consistent with the annotation distribu-

tion (Figure 4), and there is little variance across

movies (see Figure 8 in the appendix).

In our dataset, there are nearly twice as many

men as there are women (34.6% women), in line

with previous findings by Smith et al. (2015)

and Radford and Gallé (2015). Women are also

less present on screen and speak less in movies

(Google, 2017). We control for that disparity in

all subsequent analyses by including the number

of words for each character (standardized) as a co-

variate. Findings in all the following sections hold

when controlling for movie genre (as retrieved

from IMDB.com), as well as when controlling for

effects from individual movies.

4http://www.cs.cmu.edu/Groups/AI/util/

areas/nlp/corpora/names/0.html
5https://spacy.io/

Frame β gender

agency(AG)=+ −0.951 M∗∗

power(AG>TH) −0.468 M∗∗

agency(AG)=− 0.277 F∗∗

power(AG<TH) not sig.

Table 1: Power and agency connotation frames for

male and female narratives, controlled for length

of narrative text. β represents the change in log-

odds of a character being male/female were the

corresponding frame to change by one unit. Sig-

nificant results (∗∗ : p<.001) are in bold. “Male”

was coded as 0, “Female” as 1.

3.1 Bias in Narratives

Narratives describe what characters are doing. We

investigate how they vary in terms of power and

agency, using our connotation frames. We mea-

sure how each standardized frame metric is asso-

ciated with the gender of the character through a

logistic regression, controlling for the total num-

ber of words that the character said, and correcting

for multiple comparisons using Holm’s correction

(Holm, 1979).

Listed in Table 1, our results show that male

characters are portrayed with higher level of

agency compared to women. Men are also por-

trayed to have more authority than women as they

are more often the agent of powerful verbs.

This suggests that screenwriters tend to have fe-

male characters contribute more to the aesthetic of

the movie through low-agency verbs, rather than

the plot, which is reminiscent of existing gender

bias tests for movies (Yehl, 2013).

3.2 Bias in Character Expression

To further our validation of the new connota-

tive dimensions, we look at how characters ex-

press themselves in movies. Using our connota-

tion frames and LIWC (Tausczik and Pennebaker,

2016), we compile metrics for every character’s

dialogue. As in subsection 3.1, metrics were stan-

dardized for better β interpretability. LIWC re-

sults that are not discussed below can be found in

the appendix (Tables 4 and 5).

From Table 2, it seems male characters display

more power and authority through their speech

than their female counterparts do. Specifically,

women are written to use more hedges (# Hedges)

whereas men are written to use more imperative

sentences (# Imperative Sent.), a finding that re-



Frame/metric β gender

agency(AG)=− 0.968 F∗∗

agency(AG)=+ −2.177 M∗∗

power(AG>TH) −0.542 M∗∗

power(AG<TH) 0.236 F∗∗

# Imperative Sent. −0.232 M∗∗

# Hedges 0.165 F∗∗

I 0.835 F∗∗

they −0.160 M∗∗

we −0.361 M∗∗

you 0.405 F∗∗

assent 0.202 F∗∗

space −1.136 M∗∗

discrep 0.423 F∗∗

inhib −0.171 M∗∗

Table 2: Gender association with our connotation

frames and a subset of LIWC metrics for char-

acters’ dialogue, controlled for number of words

spoken. All results are significant (∗∗ : p<.001).

flects real-world dialogues (Prabhakaran et al.,

2014). The usage of imperatives tends to con-

vey power and dominance according to the find-

ings of Bramsen et al. (2011). Along with the fact

that female characters tend to agree (assent) more

than male characters, this corroborates the finding

in subsection 3.1 that male characters are gener-

ally given more power and agency. Furthermore,

male characters use inhibitory language more (in-

hib), which contains words pertaining to blocking

or allowing, suggesting that these characters are in

positions of power.

Further evidence of power imbalances is found

through function words. Women tend to use I and

you pronouns more, whereas men use we and they

pronouns more, echoing real life (Schwartz et al.,

2013). Kacewicz et al. (2014) found an associa-

tion between using “I” pronouns and being lower

status, and conversely between “we” pronouns and

being higher status. This corroborates the theory

that women in movies are generally portrayed with

a lower status than men.

Men in movies tend to mention more physi-

cal actions (space category) whereas women tend

talk about what “could” be but isn’t (discrep;

e.g.,“should”, “would”). This evokes more com-

manding connotations for male characters and

subordinate connotations for female ones, rein-

forcing gender stereotypes.

These findings, rooted in previous research,

confirm that our connotation frames capture exist-

Metric/Frame β P/F

F dial. # Words 10.02 pass∗∗

F dial. agency(AG)=+ −9.65 fail∗∗

F dial. power(AG>TH) 2.05 pass∗

F narr. power(AG>TH) −1.19 fail∗

Table 3: Significant correlates of passing the

Bechdel test. F: metric for female characters,

computed on the dialogues (dial.) or on the nar-

ratives (narr.). ∗ : p<.05; ∗∗ : p<.001.

ing bias in how male and female characters display

different levels of power and agency in their dia-

logue.

4 Power, Agency and the Bechdel test

A movie passes the Bechdel test (Bechdel, 1986) if

it (1) has two (named) female characters, (2) who

talk to each other, (3) about something other than a

man. While this is a low bar, a surprising number

of movies fail at least one of the three criteria. In

particular, as many as 42% of the movies in our

dataset fail the test according to an online database

of the Bechdel scores.6

4.1 Beyond the Bechdel Test

We provide comparative insights between the

analysis based on connotation frames and the

Bechdel test. First, we aggregate our connota-

tion frames, both on dialogue and narration, into

movie-level averages per gender. Then, we add

features capturing presence of female/male char-

acters (e.g., # F/M words, # F/M characters).

Table 3 shows the correlation between passing

the Bechdel test and our movie-level connotation

frame features using a multivariate logistic regres-

sion.

As expected, a movie with more female speak-

ing time is more likely to pass the Bechdel test

since it mostly captures female representation.

We also find that female characters using agent-

empowering verbs, which tend to be more as-

sertive, slightly increases the odds of passing the

Bechdel test. Female speakers who use empower-

ing verbs, regardless of the verb’s agent, tend to

go against the gender-norms of hedging and being

less assertive (as we showed in subsection 3.2).

Unexpectedly, movies where women talk with

high agency are much less likely to pass the

6Available at http://bechdeltest.com. We use
this site to obtain ratings for 324 of the movies in our cor-
pus.



Bechdel test. Perhaps these movies typically

only show scenes of women interacting in a

male-dominated setting. Similarly, the use of

more agent-empowering verbs in female narra-

tives decrease the odds of passing the Bechdel

test. Chances of two powerful women talking to

each other might be lower because movies are less

likely to have a lot of powerful women.7

Power and Agency of Princesses We further

provide a qualitative analysis using Wikipedia plot

summaries for movies that are not in our script

dataset. Bechdel-passing movies with female pro-

tagonists, such as Frozen (2013) or Cinderella

(1950), still perpetuate negative female stereo-

types. In Frozen, Elsa is portrayed as the only

high agency, high power woman, as seen below.8

Anna and Cinderella, despite also being protago-

nists, display significantly less power and agency.
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The Bechdel test is limited, either by being too

inclusive of movies who portray women in non-

authoritative, passive positions or by excluding

movies that have strong women with agency, who

just happen not to talk to each other about some-

thing besides men. Our extensions to the connota-

tion frame lexicon provide finer grained informa-

tion about how women are portrayed through their

expression and their actions, which can act com-

plementary to measures of their presence.

5 Related work

There is much prior research focus on bias in so-

cial media (Garcia et al., 2014; Prabhakaran et al.,

2014; Ratkiewicz et al., 2011; Yano et al., 2010;

Srivastava and Sahami, 2009), complementing our

investigation on movies. Fast et al. (2016) ex-

amine the stereotypes present in fan-fiction us-

7Similar observations may have inspired the Mako Mori
test (Romano, 2013), which looks at whether there’s a female
character with a story arc that doesn’t support a man’s.

8Note that plot summaries are more biased toward active
verbs, which explains the low negative agency for all charac-
ters.

ing a lexicon-based strategy that focus on com-

monly gender-biased attributes (e.g., emotional for

women) rather than the overall power dynamics of

the story. In a similar vein, Ramakrishna et al.

(2015) learn word-level “gender ladenness” fea-

tures by looking at the neighbors of 925 manually

annotated words.

There exist various sets of high-level criteria to

assess gender bias of character portrayal in fic-

tion (Yehl, 2013; Romano, 2013; Powers, 2016).

Agarwal et al. (2015), in particular, automate the

Bechdel test using social network features, finding

that women are less central to the plot in movies

that fail it. We compare our linguistic analysis of

power and agency with the Bechdel test, demon-

strating the need for more fine-grained analysis of

how gender is depicted in movies.

Close in spirit to our investigation, Schofield

and Mehr (2016) train a number of classifiers over

movie scripts for determining the gender of indi-

vidual (and pairs) of speakers as well as the ex-

pected length of their relationships. In contrast,

we focus on understanding how the gender of a

given character implicitly relates to features that

track their control over their own path (agency)

and the world around them (power).

6 Conclusion

We created and released new connotation frames

of power and agency, allowing for more nuanced

writing analysis than previously possible. We vali-

date our new frames through a case study on movie

scripts. Specifically, we analyze differences in

power and agency for male and female characters,

and compare these dimensions to the Bechdel test.

Our connotation frames confirm evidence of im-

balances in gender portrayal in movies.
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metric β gender

Presence

# Words −0.126 M∗∗

# Scenes Present −0.054
# Talk Turns 0.308 F∗∗

# Sentences 0.203

Spoken features

assent 0.202 F∗∗

filler 0.231 F∗∗

nonfl 0.070

Function words

adverb 0.904 F∗∗

article −1.557 M∗∗

auxverb 1.844 F∗∗

conj 0.571 F∗∗

funct 3.124 F∗∗

future −0.154 M∗

i 0.835 F∗∗

ipron 0.180
negate 0.746 F∗∗

number −0.397 M∗∗

past 0.418 F∗∗

ppron 1.97 F∗∗

preps −1.188 M∗∗

present 1.174 F∗∗

pronoun 2.131 F∗∗

quant −0.225 M∗

shehe 0.327 F∗∗

they −0.16 M∗∗

verb 2.215 F∗∗

we −0.361 M∗∗

you 0.405 F∗∗

Table 4: Gender association of various standard-

ized metrics in dialogue. All metrics are LIWC

categories, except those starting with “#”. β rep-

resents the change in log-odds of a character be-

ing male/female were the corresponding frame

to change by one unit. Significant results (∗∗ :
p<.001) are in bold. “Male” was coded as 0, “Fe-

male” as 1.

metric β gender

Affective processes

affect 0.601 F∗∗

anger −0.463 M∗∗

anx 0.2 F∗∗

negemo −0.178 M∗

posemo 0.758 F∗∗

sad 0.253 F∗∗

swear −0.392 M∗∗

Biological processes

bio 0.016

body −0.172 M∗∗

health 0.093

ingest 0.157 F∗∗

sexual 0.026

Cognitive mechanisms

# Hedges 0.165 F∗

# Imperative Sent. −0.232 M∗∗

cause 0.077

certain 0.178 F∗

cogmech 0.968 F∗∗

discrep 0.423 F∗∗

excl 0.731 F∗∗

incl −0.46 M∗∗

inhib −0.171 M∗∗

insight 0.41 F∗∗

tentat 0.219 F∗

Perceptive processes

feel 0.039

hear 0.15 F∗

percept 0.238 F∗

see 0.022

Personal concerns

achieve −0.365 M∗∗

death −0.125 M∗

home 0.264 F∗∗

leisure -0.011

money −0.269 M∗∗

relig -0.033

work −0.344 M∗∗

Relativity

motion -0.075

relativ −0.679 M∗∗

space −1.136 M∗∗

time 0.559 F∗∗

Social processes

family 0.231 F∗∗

friend 0.088 F∗

humans −0.317 M∗∗

social 0.592 F∗∗

Table 5: continuation of Table 4



Frames Pearson r

agency(AG)=− agency(AG)== 0.067 ∗∗

agency(AG)=− agency(AG)=+ −0.209 ∗∗

agency(AG)=− power(AG>TH) −0.023 ∗

agency(AG)=− power(AG<TH) 0.399 ∗∗

agency(AG)=− power(AG=TH) 0.086 ∗∗

agency(AG)== agency(AG)=+ not sig.

agency(AG)== power(AG>TH) 0.023 ∗

agency(AG)== power(AG<TH) 0.043 ∗∗

agency(AG)== power(AG=TH) 0.069 ∗∗

agency(AG)=+ power(AG>TH) 0.406 ∗∗

agency(AG)=+ power(AG<TH) −0.095 ∗∗

agency(AG)=+ power(AG=TH) not sig.

power(AG>TH) power(AG<TH) 0.024 ∗

power(AG>TH) power(AG=TH) −0.043 ∗∗

power(AG=TH) power(AG<TH) 0.049 ∗∗

Table 6: Partial correlation between connotation frames in the narrations for characters in our dataset

(controlled for number of words). Significant results (∗ : p<.05; ∗∗ : p<.001, Holm corrected) are

in bold. Most frames have low correlations with others, signifying that the dimensions captured are

different. We find mild correlations between negative agency and theme empowering verbs, as well as

for positive agency and agent empowering verbs.

# Imper. Sent. # Hedges

agency(AG)=+ 0.268 ∗∗
−0.146 ∗∗

agency(AG)=− −0.056 ∗∗ 0.245 ∗∗

agency(AG)== 0.134 ∗∗ not sig.

power(AG>TH) not sig. −0.062 ∗∗

power(AG<TH) 0.02 ∗ 0.019 ∗

power(AG=TH) −0.084 ∗∗ 0.087 ∗∗

Table 7: Partial correlation on our movie corpus between frames and select dialogue features (control-

ling for number of words). Holm p-value correction is applied (∗ : p<.05; ∗∗ : p<.001). Most power

frames have low correlations with the two dialogue features, though the correlations are all in the ex-

pected directions. We find that agency frames are moderately correlated with imperatives and hedges, as

expected.


